
1

Lecture-8

Solution of Linear System

Solution of  A linear System

• Gaussian Elimination, Backward 
Substitution

• Matrix Factorization
• Iterative Techniques
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Gaussian Elimination, Backward Substitution

Iterative Methods for Solving 
Linear Systems

• For large sparse system Gaussian 
Elimination and Backward substitution is 
not suitable.

• Approximate solution using iterative 
methods
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Jacobi
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Jacobi
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Gauss-Seidel
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Gauss-Seidel
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Theorems

The sequence                         converges to the unique solution iff 
the spectral radius of T            .

cTxx kk += −1

1)( <Tρ

If A is strictly diagonal dominant, then for any choice of x0 both 
Jacobi and Gauss-Seidel methods give sequences that converge to 
a unique solution.
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Interpretation of Gauss-Seidel
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Interpretation of Gauss-Seidel
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SOR (Successive Over 
Relaxation)
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Theorem 

If A is a PD and         then SOR method converges for 
Any choice of initial approximation of solution x0.
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Theorem

If A is a PD and tri-diagonal, then 
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Maximum eigen value


